Inferring the genome-scale gene co-expression network is important for understanding 10 genetic architecture underlying the complex and various biological phenotypes. The 11 recent availability of large-scale RNA-seq sequencing data provides great potential for 12 co-expression network inference. In this study, for the first time, we presented a novel 13 heterogeneous ensemble pipeline integrating three frequently used inference methods, 14 to build a high-quality RNA-seq-based Gene Co-expression Network (GCN) in rice, 15 an important monocot species. The quality of the network obtained by our proposed 16 method was first evaluated and verified with the curated positive and negative gene 17 functional link datasets, which obviously outperformed each single method. Secondly, 18 the powerful capability of this network for associating unknown genes with biological 19 functions and agronomic traits was showed by enrichment analysis and case studies. 20 Particularly, we demonstrated the potential applications of our proposed method to 21 predict the biological roles of long non-coding RNA (lncRNA) and circular RNA 22 (circRNA) genes. Our results provided a valuable data source for selecting candidate 23 genes to further experimental validation during rice genetics research and breeding. 24 To enhance identification of novel genes regulating important biological processes 25 and agronomic traits in rice and other crop species, we released the source code of 26 constructing high-quality RNA-seq-based GCN and rice RNA-seq-based GCN, which 27 can be freely downloaded online at https://github.com/czllab/NetMiner. 28 
Introduction 32
The complex cellular network formed by the interacting macromolecules underlie an 33 organism's phenotypes (Kitano, 2002a (Kitano, , 2002b Vidal et al., 2011) . Reconstructing a 34 complete map of the cellular network is crucial for understanding an organism's 35 genetic architecture underlying phenotypes. In animals, multiple types of networks 36 have been built based on multi-level '-omics' datasets from genome, transcriptome, 37 proteome, epigenome, metabolome and other subcellular systems (Mitra et al., 2013) . 38 In plants, most of the current available '-omics' dataset comes from the transcriptome . 49 For co-expression meta-analysis, many algorithms have been proposed to construct 50 the gene networks. However, it has been shown that the outcome of network inference 51 varies between tools, and the single network inference approach has inherent biases 52 and is unable to perform optimally across all experimental datasets (De Smet and 53 Marchal, 2010; Marbach et al., 2012) . In addition, how to clean-up the links occurring 54 by accident in a gene co-expression network and select biologically significant 55 associations is also a critical procedure for modeling the authentic gene relations 56 (Alipanahi and Frey, 2013; Usadel et al., 2009) . Moreover, the current computational 61 emerges as a new approach to transcriptome profiling, which provides broader 62 dynamic range of measurements allowing genome-wide detection of novel, rare and 63 low-abundance transcripts. However, the majority of co-expression meta-analyses 64 have been neglected the rapid growing availability of next-generation RNA-seq data 65 (especially in plants). Its potential capacity in co-expression network inference has not 66 been well studied. 67 3 In this study, we designed a novel ensemble pipeline for inferring high-quality Gene 68 Co-expression Network (GCN) using RNA-seq data by integrating the predictions of 69 three different network inference algorithms. Since the multiple types of networks in 70 the model plant, Arabidopsis, has been constructed and widely analyzed, we directly 71 applied this pipeline to the important crop species, rice, to enhance its efficiency of 72 molecular breeding. We compiled a standard physical and non-physical set of positive 73 and negative functional link datasets between genes derived from 4 known biological 74 networks and evaluated the quality of our network. In the case study, bottom-up 75 subnetwork analysis revealed that the usefulness of reconstructed RNA-seq-based 76 gene co-expression network for realistic biological problems. Particularly, we showed 77 that the potential application of our method for predicting the biological roles of the 78 uncharacterized genome elements including long non-coding RNA (lncRNA) and 79 circular RNA (circRNA) genes. Our study revealed the massive genetic regulatory 80 relationships associating with cellular activities and agronomic traits, which provide a 81 valuable data source for selecting candidate genes to accelerate rice genetics research. 82 
Results

83
Network construction and evaluation 84 To evaluate the quality and reliability of publicly available RNA-seq dataset, we 85 analyzed 348 RNA-seq transcriptomes of the important monocot crop species rice 86 after removing the unreliable genes and samples (for details, see Dataset 2, Materials 87 and methods section). After quality filtering and trimming, a total of 12,458,505,209 88 reads were remained in the samples, 75.2% of which were mapped to the MSU7.0 89 reference genome and 71.4% were mapped uniquely (see Dataset 2). Of the genes 90 (MSU7.0 reference set) covered with RNA-Seq reads, 98.4% have coverage of > 50% 91 of the gene length (see Supplementary Information, Fig.S1A ). Despite of the large 92 difference in the number of mapped reads between samples, the percentage of 93 expressed genes is similar in most of them, ranging from 32% (10th percentile) to 94 66% (90th percentile), and as the number of mapped reads increases, the ratio of the 95 number of expressed genes is rapidly increased to saturation (see Supplementary   96 Information, Fig.S1B ). We tested several normalization methods to compute the 97 expression abundance and expression correlations between genes and samples, the 98 tissue-specific expression pattern and enrichment results of rice genes showed that 99 these RNA-seq data are highly reliable (see Supplementary Text, Fig.S2-Fig.S6, Table   100 S1 and Dataset 3 for details). 101 We comprehensively analyzed whether the co-expression between genes is associated . 124 We evaluated the performance of the ensemble inference pipeline in rice. Since there 125 are no gold standard reference co-expression networks available in rice, we compiled 126 as replacement a standard set of positive links (9390203 interactions), by capturing 127 gene pairs that were contained in the same Gene Ontology (GO) categories, the same 128 pathways, interact with each other in the protein-protein interaction network or linked 129 in the probabilistic functional gene network (RiceNet), and a standard set of negative 5 total number samples which simply plus the number of gene A expressed samples and 141 the number of gene B expressed samples) is a more reliable factor than its expression 142 level (defined as the expression abundance summation of gene A and gene B) to affect 143 the fold enrichment of the standard links (see Supplementary Information, Fig.S10 ). 144 These outcomes indicated that the positive standard links had reliably captured the 145 co-expression links between genes. Using the standard datasets, we found that the 146 network structure obtained by our ensemble inference method was consistently better 147 than the networks built by the individual method with higher enrichment for positive 148 links and lower enrichment for negative links (Fig.1) . These results suggested that the 149 committee of different methods can reduce the bias occurring in a single inference 150 method and provide more reliable predictions with higher sensitivity and specificity. 151 We observed that the folds of enrichment are not obviously improved or are slightly 152 decreased by the integrated networks from 6 data set ( Fig.1A , the GGM method, line 153 highlighted in yellow) than that of each single data set, indicating that integrating the 154 networks built using different data normalization methods might have no obvious 155 effects on the structure of inferred network ( Fig.1 ). Co-expression is actually one of 156 the inputs used to build the probabilistic functional gene network (RiceNet), which 157 were included in the standard positive links. To examine whether this has effect on our 158 evaluation results, we carried out the fold enrichment analysis after removing the links 159 contained in RiceNet from the standard positive links. We found that integrating the 160 functional links of RiceNet into the standard positive links has no effect on the results 161 of comparing the quality of our network with the other networks obtained by the 162 single algorithm (see Supplementary Information, Fig.S11 ). Based on the novel 163 RNA-seq dataset, we also examined whether a large fraction of potential interactions 164 was recovered by our collected RNA-seq dataset, and found that the most general 165 transcriptional links were already established reliably with these 348 rice RNA-seq 166 samples (see Supplementary Text for details). 168 We observed that our reconstructed RNA-seq-based gene co-expression network is 169 always positive predictor of functional associations for the protein-protein interaction 170 network and probabilistic functional gene network, GO network and pathway network 171 (see Supplementary Text, Fig.S12 ). Meanwhile, we also observed that many genes 172 under the same GO functional category are significantly more connected to each other 173 than expected by chance (see Supplementary Text, Dataset 5). Therefore, we adopted 174 GO enrichment analysis of a gene's co-expression neighborhood as a tool to predict 175 its biological functions (Vandepoele et al., 2009). For each gene belonging to a given 176 GO category, we asked whether the GO enrichment in its co-expression neighborhood 177 6 could infer its correct function: an inference is called true positive if and only if the 178 predicted GO term is more specific than its known GO terms or is equal to the known 179 GO terms. In the enrichment significance level of corrected p-value smaller than 0.05, 180 we found that 15.50% (Sensitivity) annotated functions were correctly inferred based 181 on 10545 annotated genes in rice network. If we used only the gene annotations on the 182 second and third layers of the directed GO graph for inference, the Sensitivity was 183 increased to 21.66%. We found that the 21.27% (Precision) of all inferred functions 184 are true positives and this number is improved to 25.38% when we only adopted the 185 second and third layers of directed GO graph. These results might be suggesting that 186 the incompleteness or errors in the GO annotations of rice genes. AUC score (70.01%) and maximum F-measure (F-max = 0.54) than the not weighted 201 ones (AUC = 68.23%, F-max = 0.53) (see Fig.2 ), indicating that our gene network can 202 effectively predict the difficult or less frequent GO terms (see Fig.2 ). In addition, we 203 further compared the predictive performances of our network with RiceNet using the 204 same evaluation criteria as employed in our study. We observed that our co-expression 205 network is comparable or better than the RiceNet in terms of the ROC and PR curves 206 ( Fig.2) . Moreover, we also found that the semantic similarities between the known 207 GO terms and our predicted GO terms are obviously higher than the random ones 208 (p-value = 5.24E-10, paired t-test). These results indicated that our RNA-seq-based 209 gene network can be applied for inferring the potential functions of unknown genes. 210 In addition to the neighboring gene analysis above, we used two examples below to 211 demonstrate the stricter and intuitive method of RNA-seq-based gene co-expression 212 network analysis for inferring the gene functions. In flowering plants, floral organ 213 development is a very important biological process. We therefore first selected a priori xylem development. We also noted that 14 genes labeled with blue nodes, involving 245 in carbohydrate metabolism, associating with microtubule or resembling to known 246 cell wall metabolism genes in function domain, are recovered in this gene subnetwork. 247 All these genes are the potential candidates for the further functional investigation. 248 Especially, the known cell cycle genes LOC_Os04g28620 and LOC_Os04g53760 are 249 also captured in this subnetwork, confirming that cell wall metabolism and cell cycle 250 are two closely associated processes. (totally 55986 genes), 33 cell cycle genes were included in these 1093 genes, resulting 260 in 9.4-fold enrichment. We used the cell cycle genes and the genes that were directly 261 linked to them to form a regulatory network (totally 104 genes, Fig.4A and Dataset 6). 262 We observed that a large number of genes (red nodes in LOC_Os01g55100 and LOC_Os11g07460 (see Fig.S13 and Dataset 6). Meanwhile, 321 we also found that many genes relating to stress tolerance were placed in the Table S2 ). These results indicated that our gene networks can be used to discover the 356 gene related to important agronomic traits by co-expression links. Methods for details). 43 of these genes including 27 protein-coding genes and 16 391 non-coding genes produce the circRNAs with the percentage larger than 90% in at 392 least one sample. We analyzed the distribution of the number of detected circRNAs 393 and found that a majority of circRNAs were identified in one sample with relative 394 small number of circRNAs were detected in more than 3 samples (Fig.S14A ). Though 395 a large number of circRNAs were detected in relative small number of RNA-seq 396 samples, 63 circRNAs (transcribed from the protein-coding genes), identified in more 397 than 10 samples and supported by more than 26 junction reads, were captured in the 398 gene co-expression network. Moreover, we found that the primary genes transcribing 399 1 2 these circRNAs were not contained in the co-expression network. We predicted the 400 functions of these circRNAs using GO enrichment analysis of their co-expression 401 neighborhoods. Indeed, these circRNAs are related to a broad range of biological 402 functions, for example protein phosphorylation, ATP binding and photosynthesis 403 (Fig.S14B) . These results indicated that a great number of circRNAs play important 404 biological roles but not are the transcriptional noise. smaller than 10 reads is larger than 90%, were not considered for further analysis; II) 492 We did not consider the genes whose expression value is less than 10 reads in more complexity and are infeasible for large number of RNA-seq dataset, we did not adopt 530 these two algorithms for subsequent network construction. The flowchart for building 531 high confidence RNA-seq-based gene co-expression network was depicted in Fig.6 . 532 In details, our procedure for producing the high-quality gene co-expression network 533 was started from 6 RNA-seq datasets as described in Dataset preprocessing. Based on 534 the 6 RNA-seq expression datasets, the weighted co-expression network inference, 535 graphical Gaussian model and bagging statistical network inference were adopted to 536 obtain 18 initial gene co-expression networks using the R packages of WGCNA, 537 GeneNet and BC3NET, respectively (available from the CRAN repository). Since the 538 outputs of WGCNA and GeneNet produced the long ordered list of confidence scores 539 (topological overlap for WGCNA and partial correlation coefficient for GeneNet) for 540 an enormous amount of gene pairs, we designed a random permutation model to 541 choose the restrict threshold that roughly identifies functional co-expression links. We 542 repeatedly created 100 times random datasets to obtain a series of background 543 distributions, by randomly shuffling the associations from genes to expression profiles, 544 and used the average of 99.99th percentile of these distributions (corresponding to the 1 6 probability of 10 -4 that two genes are connected by chance) to define the threshold. 546 After obtaining initial networks, we employed two-step voting procedure, including 547 voting within inference method and voting among the inference methods, to construct 548 the high-quality gene co-expression network. In the first step of voting procedure, we 549 selected the links included in more than two networks of all 6 initial co-expression 550 networks, which were built by applying the single network inference algorithm to 6 551 RNA-seq datasets, to establish a consensus gene network (i.e. intra-method consensus 552 network). In second step of voting procedure, we pick the co-expression relationships 553 contained in more than one network of three intra-method consensus networks to 554 establish the final co-expression network. 555 The confidence score calculation procedure for each gene pair of the final RNA-seq 556 gene co-expression network was performed as following: I) Firstly, we normalized the 557 confidence scores of each co-expression link of each initial network to the interval 558 range from 0 to 1. II) Then, we assigned a confidence score to each association of the 559 intra-method consensus gene networks by averaging the normalized confidence scores 560 of all 6 initial networks. III) Finally, we defined the confidence score for each edge of 561 final high confidence co-expression network by averaging the confidence scores of 562 three intra-method consensus gene networks. Note that for the co-expression links not 563 listed in a co-expression network were assigned a confidence score of 0. 2007). Functional similarities between genes in terms of the GO space were calculated 582 using the metric adopted from (Chabalier et al., 2007) . 583 Since our gold standards included only a subset of true functional and non-functional 584 link, we evaluated the predictive performance of our method for gene co-expression 585 network inference using the fold enrichment measure. The fold of enrichment was 586 calculated as a function of the confidence score cutoff (k) in the edge list of the 587 inferred network by the following formula: The circular RNA (circRNA) genes were predicted using 618 novel rice RNA-seq 616 samples downloaded from the NCBI Sequence Read Archive (accessed on February 617 15, 2016) by CIRI software (Gao et al., 2015) . We calculated the counts of junction 618 reads of a circRNA as its relative expression abundance. Then, we integrated the 619 aligned reads number of known rice genes using HTSeq-count program (v0.5.4) and 620 expression values of circRNAs into a numeric expression matrix. We removed the 621 circRNAs from the matrix if it was identified in less than 3 RNA-seq samples. Using 622 the filtered matrix, we built three initial gene co-expression networks by WGCNA, 623 GGM and BC3NET. Based on this, we selected the co-expression links contained in 624 more than one network of the three initial networks to obtain the final co-expression 625 network. Although only the numbers of junction reads were adopted to measure the 626 expression abundances of circRNAs, this method is simple and effective for building 627 co-expression network, given the reads were distributed uniformly along circRNA. 628 1
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